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Abstract The multimodal, multi-paradigm brain-computer
interfacing (BCI) game Bacteria Hunt was used to evaluate
two aspects of BCI interaction in a gaming context. One goal
was to examine the effect of feedback on the ability of the
user to manipulate his mental state of relaxation. This was
done by having one condition in which the subject played
the game with real feedback, and another with sham feed-
back. The feedback did not seem to affect the game experi-
ence (such as sense of control and tension) or the objective
indicators of relaxation, alpha activity and heart rate. The
results are discussed with regard to clinical neurofeedback
studies. The second goal was to look into possible inter-
actions between the two BCI paradigms used in the game:
steady-state visually-evoked potentials (SSVEP) as an indi-
cator of concentration, and alpha activity as a measure of
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relaxation. SSVEP stimulation activates the cortex and can
thus block the alpha rhythm. Despite this effect, subjects
were able to keep their alpha power up, in compliance with
the instructed relaxation task. In addition to the main goals,
a new SSVEP detection algorithm was developed and eval-
uated.
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1 Introduction
1.1 BCI and multimodal interaction
The multidisciplinary study of brain-computer interfaces
(BCI) combines fields including but not limited to engi-
neering, cognitive neuroscience, psychology, machine learn-
ing and human-computer interaction. The fields of applica-
tions using this direct communication channel from brain to
machine are just as diverse, from rehabilitation to affective
computing.
Where originally BCI research was focused on paralysed
patients, new developments such as affordable and wireless
dry cap technology make BCI viable for healthy users. Be-
sides the novelty factor and the magic of being able to use
your brain directly for control, BCI also provides private,
hands-free interaction. It increases the information users can
provide to applications and applications in turn can react
more appropriately, taking the user’s mental state into ac-
count [11].
A large potential target group are gamers, as games are
an area where novelty is appreciated and learning new skills
is often part of the challenge [35]. Games can also be a very
interesting option for research with patients. Virtual worlds
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can provide a safe environment to learn to produce specific
brain activity: accidentally steering your wheel chair off the
stairs is less painful in a virtual environment. Additionally,
the game element can ensure that tedious training is fun and
the patients stay motivated.
Unfortunately, there are still issues that cause problems
when trying to use a BCI. There are large differences in the
brain activity between people, and even within one person
the brain activity changes quickly over time [8]. This makes
it difficult to create a system that will understand what the
user is trying to do, especially for a longer duration. De-
pending on the BCI paradigm used a lot of training may be
required (ranging from minutes to months) before the user
is able to generate the correct signal for the system. Alter-
natively, the system may be trained with user specific data
to recognise the user’s brain activity associated with a cer-
tain (mental) action. Neither method may work if the person
trying to use the system falls into the category of the so-
called BCI illiterate like 20% of the population [34]. This
means that this user may not be able to generate the sig-
nal in a way that is measurable by the system, and hence
will not be able to control it. Moreover, as a result of using
electroencephalography (EEG) as a measurement method,
the recorded brain activity has a low signal-to-noise ratio
and is susceptible to eye or muscle artefacts. These prob-
lems cause a high level of uncertainty when analysing and
interpreting brain signals. There are also issues with speed
and timing, as relevant brain activity needs to be induced,
recorded, analysed, and interpreted before the correspond-
ing action can be performed in the application.
Although paralysed patients, for whom BCI is the only
interaction modality left, may be willing to accept resulting
problems with robustness and speed, healthy subjects will
be less forgiving. For them, many other input modalities are
available. Therefore, the traditional usability and user expe-
rience challenges have to be solved as well, in order to ex-
ploit the full potential of this innovative technology and to
increase its acceptance among the general population [39].
One possibility to attenuate the impact of the above men-
tioned limitations of BCI on the usability, is to apply it in
combination with traditional control modalities. This way
one can use its advantages, while at the same time compen-
sating for the limitations and downsides of the new interac-
tion mode. Furthermore, several types (paradigms) of BCI
might be combined as well to increase the bandwidth of in-
teraction.
However, current BCI research applications mostly re-
strict themselves to the use of one modality (BCI) and one
BCI paradigm, to control one type of interaction in a highly
simplified game [41]. It is a big step from this situation to
the interaction found in current commercial video games,
which might provide a gold standard to test the applicabil-
ity of new modalities for interaction, such as BCI. Besides
the large number of actions that can be carried out in game
worlds nowadays, gamers will not behave according to the
restrictions often applied in current BCI research in order to
reduce artefacts in EEG. Gamers will move, execute multi-
ple tasks at once, and use multiple interaction modalities in
parallel.
A BCI game was developed and implemented [30] to ad-
dress the use of BCI in addition to traditional input modal-
ities and the simultaneous utilisation of multiple types of
BCI. This game provides an environment which enables the
research on multimodal, multiparadigm BCI under ecolog-
ically valid conditions, that is in an authentic, potentially
multi-player, computer game setting. Thereby it is supposed
to bridge the gap between controlled laboratory experiments
and competitive and artefact-prone real-world applications.
More specifically, the game combines the interaction via
two varieties of BCI in addition to the interaction via key-
board to manipulate a game world within a simple game
concept, that is the hunt for objects on a 2D plane. One
type of BCI, a neurofeedback-like approach, is supposed to
reward the user with a better chance to gain points for the
maintenance of a high state of relaxation. The second type,
using steady-state visually evoked potentials (SSVEP), eval-
uates the user’s concentration on a visual game element.
The current study uses the game as a platform to specifi-
cally explore two research questions associated with the use
of multiple types of BCI in addition to traditional modes of
input. The first goal is the assessment of the efficacy of the
neurofeedback-like BCI as a game element via subjective
and objective indicators. Does the reward of a specific men-
tal state, relaxation, lead to an increase of this state? The
second goal is to examine possible interactions between the
different BCIs implemented. Will the simultaneous use of
multiple types of BCIs result in mutual interference? Fur-
thermore, for the second type of BCI a new detection algo-
rithm will be proposed and tested.
In Sect. 2 the reader will be introduced to some of the dif-
ferent types of BCIs available, and in more detail to the types
of BCIs used in the current version of the game. In Sect. 3
the system, including game design and BCI processing, will
be described together with the proposed SSVEP detection
algorithm. Then the specific experimental hypotheses and
methods will be outlined. In Sect. 5 the results will be de-
scribed, which are then discussed in Sect. 6.
2 Types of BCI
There are several types of BCIs. In the following, a two-
dimensional classification of some of these BCI paradigms
is given. It is derived from the 3 category classification pre-
sented in [57].
The dimensions of this classification are defined by (i) the
dependence on external stimuli and (ii) the dependence on
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Fig. 1 A classification of BCI paradigms, spanning voluntariness
(passive vs. active) and stimulus dependency (user induced vs. stim-
ulus evoked). The applied paradigms are circled in red
an intention to create a neural activity pattern as illustrated
in Fig. 1.
Axis (i) stretches from exogenous (or evoked) to endoge-
nous (or induced) input. The former covers all forms of BCI
which necessarily presuppose an external stimulus. Steady-
state visually-evoked potentials as neural correlates of stim-
ulus frequencies, for instance, may be detected if and only if
evoked by a stimulus. They are therefore a clear example of
exogenous input. Endogenous input, on the other hand, does
not presuppose an external stimulus. An example is the use
of alpha band power in neurofeedback applications. While
alpha activity may be influenced by external stimuli, in prin-
ciple it can be measured when no stimulus is present and is
therefore classified as endogenous. Another way of separat-
ing both poles of the axis is the possibility of building a self-
paced (or asynchronous) BCI [45]: only endogenous input
can be used to build a system that is self-paced, in the sense
that it can decide at all times whether a user has initiated
an action by brain activity. On the other hand, all forms of
exogenous BCI are necessarily synchronous.
Axis (ii) stretches from active to passive input. Active in-
put presupposes an intention to control brain activity while
passive input does not. Imagined movements, for instance,
can only be detected when subjects intend to perform these,
making the paradigm a prototypical application of active
BCI. Alpha power and other indicators of mental state, on
the other hand, can also be measured when subjects do not
exhibit an intention to produce it.
For the game developed, we decided to forgo paradigms
that need extensive user training or machine learning, while
at the same time we wanted a variety of different types of
paradigms. This resulted in the selection of a neurofeed-
back paradigm based on the power in the alpha band and
steady-state visually-evoked potentials, both introduced in
detail below.
2.1 Alpha neurofeedback
In the current study, the aim was the incorporation of BCI
as an auxiliary control modality that is supposed to have a
positive effect on the state of the user. The user controlled a
game element by means of his relaxation. During the game
relaxation should be a desirable state, as it is indirectly re-
warded with advantages in game play. This approach can
be described with the concept of a biocybernetic feedback
loop [11] and was before implemented in the simple game
“Brainball” [19]. The application is reacting to the observed
physiological indicator of relaxation, resulting in feedback
of the state to the user. This feedback functions as a reminder
and bias to the user to maintain or deepen the state of relax-
ation.
A conceptually similar approach can be found in neuro-
feedback studies. Neurofeedback is a variant of biofeedback
that enables the user to monitor and regulate body functions
that are normally not accessible to him. Specifically, indica-
tors of brain activity are made observable via visualisation
or sonification. Examples of such indicators are the sensory-
motor rhythm (8–15 Hz measured over central regions), al-
pha band power (8–12 Hz measured over parietal regions),
or slow cortical potentials. The potential areas of the appli-
cation of neurofeedback are manifold, and can be found in
therapeutical contexts as well as in every-day uses. Promi-
nent current applications involve the treatment of attention-
deficit epilepsy [52], hyperactivity disorder [4] and of sub-
stance abuse [51]. In recent years studies also revealed per-
formance increases in healthy subjects as a result of certain
neurofeedback protocols [14]. The rationale for these pro-
cedures is the assumption that training subjects to increase
activation in relevant brain areas will improve the perfor-
mance.
We chose the feedback of alpha activity over parietal re-
gions for its supposed relation with a state of relaxed wake-
fulness [5, 6, 36]. Alpha activity used to be considered as
inversely related to neuronal activity. This can be interpreted
either as cortical inhibition, or cortical idling [38]. The view
that alpha power is inversely correlated to cortical activity is
starting to shift, as alpha is now seen to have functional cor-
relates to sensory processing, movement and memory [24,
37, 48]. However, the alpha rhythm is “blocked or attenu-
ated by attention, especially visual, and mental effort” [49],
further indicating its role as a correlate of mental activity.
Furthermore, the feedback of alpha activity is considered to
be an important tool for the treatment of stress-related anxi-
ety disorders [15, 28].
2.2 Steady-state visually-evoked potentials
SSVEPs can be induced when a person is attending to a
flickering visual stimulus, such as an LED. The frequency
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of the attended (and fixated) stimulus [40], as well as its har-
monics [33], can then be traced in the EEG over the visual
cortex, that is electrode locations O1, Oz and O2 according
to the 10–20 system. If several stimuli are flickering with a
different frequency, then the attended frequency will dom-
inate over the other presented frequencies in the observers
EEG [50].
A commonly used method to detect SSVEPs is to ap-
ply a Fast Fourier Transformation on the EEG and compare
the amplitudes in the frequency bins corresponding to the
frequencies of the stimuli provided. If only one stimulus is
used, the amplitude of the corresponding frequency bin is
compared to a set threshold. Frequencies of stimuli between
5–20 Hz elicit the highest SSVEPs [18].
SSVEPs depend on gaze, which means that users have
to move their eyes or head to control a SSVEP-BCI with
maximal efficiency. Covert attention to SSVEP-stimuli was
shown to still allow the elicitation of SSVEPs [2, 23, 29, 32].
However, when the stimulus is presented at an angle larger
than three degrees from fixation, the detection of SSVEP
(and therefore also a covert attention SSVEP-BCI) becomes
unlikely [53, 54].
3 System design
Bacteria Hunt is a alpha neurofeedback and SSVEP based
experimental game. It includes, among others, a game and
EEG processing component. The first component is for de-
livering the experimental stimuli, while the latter is for
analysing the EEG signals and feeding control signals back
to the game. This section provides the details of the imple-
mentation of these components and also proposes and eval-
uates the performance of a new SSVEP detection algorithm.
3.1 Game design
The game was built using the Game Maker™ develop-
ment platform. It is based on the prototype described in
[30]. In the following, those features that are of importance
for this study are described. Following the terminology of
Aarseth [1], the game can be decomposed into the game
world (consisting of the objects that comprise the game) and
its rules (defining the possible interactions of these objects).
3.1.1 Game world
The game world, as depicted in Fig. 2, consists of several
entities: the player avatar (the amoeba), targets (bacteria), a
numeric representation of the points obtained so far, a graph
depicting the recent history of alpha band power and SSVEP
classification, and a SSVEP stimulus (which is always asso-
ciated with one of the target items) when it is triggered. The
numeric representation of points functions as a high-level
Fig. 2 The game world. Nine targets (orange “bacteria”) and one
player avatar (blue “amoeba”) are present. The player’s score is shown
at the top left. The histogram above the line depicts her recent alpha
band power, below the line the SSVEP classification results are marked
indicator of progress in terms of the game rules, while the
graph depicting alpha band power and SSVEP classification
functions as a low-level indicator of the neurophysiological
coupling of the player and the game.
3.1.2 Game rules
For experimental reasons, three levels of the game were cre-
ated as summarised in Table 1. Each level had two difficulty
conditions: easy and difficult. Some general rules are the
same for all levels of the game, others vary with the specific
level.
General rules Movement of the player avatar is performed
using the arrow keys, resulting in direct feedback through
changed avatar position. Avatar position also jitters by some
random noise in order to create a dynamic feel of a mov-
ing “amoeba”. The game world always contains nine non-
overlapping targets. If the distance between the center of
the avatar and that of a target is below a threshold radius,
then the target can be “eaten”. Targets disappear when eaten
and are replaced by a new target, randomly placed on a free
space in the game world. Successful eating results in pos-
itive points, while eating failures result in negative points.
The ultimate goal of the game is to obtain as many points as
possible.
Rules for the flight of targets Similar to the avatar, each tar-
get moves randomly within a short range, creating the feel of
a dynamic game world. In addition, as the avatar approaches
a target, the target flees. This flight behaviour depends on
some factors. Levels KA and KAS employ alpha neurofeed-
back, which inversely affects target flight. Targets flee fur-
ther if the scaled alpha power (Psca(fα), see Sect. 3.2) is
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Table 1 Game levels played
during experiments Level Flight behaviour of bacteria Eating of the amoeba
Keyboard only (K) Constant Key press
Keyboard+Alpha (KA) Alpha power based Key press
Keyboard+Alpha+SSVEP (KAS) Alpha power based SSVEP based
low and less far if it is high, making the player’s mental
state control the difficulty of the hunt. Moreover, in an easy
game, targets flee less far than in a difficult game where play-
ers have to chase their targets with great effort. Therefore in
an easy game, movements are generally perceived as slower
and in smaller numbers than in a difficult game.
Rules for points for eating targets In all game levels, an
unsuccessful eating attempt is penalised with −50 points. In
levels K and KA, eating is triggered by pressing the Ctrl key.
A successful eating attempt rewards the player points pro-
portional to the distance between the centres of the avatar
and the closest target. In level KAS, approaching a target
closer than the threshold radius triggers a SSVEP stimulus
appearing next to the target. The association of the stimulus
and the target is visualised by a line connecting both. The
stimulus consists of a circle with a diameter of 128 pixels
and flickers with a frequency of 7.5 Hz, changing from black
to white. It is displayed for 6 seconds on the screen. This
frequency-stimulus combination was shown to be highly
efficient in the elicitation of a SSVEP response [30]. The
SSVEP classification results (R(fH2,H3), see Sect. 3.2) are
recorded within the time interval of 3–6 sec with respect
to the stimulus onset (this specific interval depends on the
window size of 3 seconds used in the EEG processing). If
the mean output of the SSVEP classifier during this inter-
val is above 0.5, the target gets eaten. In this case the player
receives points proportional to his mean alpha power mea-
sured in the same interval. Thus, for players, it is of benefit to
control both alpha band power and SSVEP simultaneously.
3.2 EEG processing
The EEG signals were continuously read and processed in
3-second sliding windows, the interval between window on-
sets being 1 second. We decided for this specific window-
length, as it gave superior classification results compared to
shorter window lengths in conjunction with 7.5 Hz SSVEP
stimulation [30].
Signal processing and machine learning steps were car-
ried out using the Golem and Psychic libraries [42, 43]. The
steps for processing a window are depicted in Fig. 3.
A window was first re-referenced using common aver-
age referencing (CAR) [26] since no reference electrode was
employed during recordings. Then the total alpha power,
P(fα), was obtained by averaging the individual amplitude
Fig. 3 EEG window processing steps: signal acquisition, common av-
erage referencing, channel selection, amplitude computation (FFT) and
thresholding for SSVEP detection
values for each integer frequency in 8–12 Hz at channel Pz
computed by 512-points fast Fourier transform (FFT). For
game level K , all observed alpha power values P(fα) were
just collected within a vector, AK , for use in the next levels
and no further processing was done in the window.
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Table 2 Values sent through TCP for each game version




In games KA and KAS, local minima and maxima (αmin
and αmax) were defined for normalisation as follows:
αmin = μ(AK) − (2 × σ(AK)) and
αmax = μ(AK) + (2 × σ(AK))
(1)
where μ(AK) and σ(AK) are the mean and standard devi-
ation values of set AK . This way, assuming a normal dis-
tribution, the interval [αmin, αmax] would contain 95% of the
cases and eliminate possible outliers [55]. To obtain the final
alpha power, P(fα) was mapped to a value in [0,1] as:
Psca(fα) = P(fα) − αmin
αmax − αmin (2)
where Psca(fα) is the scaled alpha power value. In case
Psca(fα) < 0 and Psca(fα) > 1, it was assigned to 0 and 1
respectively. For game KA, window processing ended here.
For game KAS, processing went on by SSVEP detection.
An adapted version of the detection algorithm by Cheng et
al. [7] was implemented for this purpose (see Sect. 3.3 for
implementation details and evaluation). Powers in second
(15 Hz) and third (22.5 Hz) harmonics of the stimulus flick-
ering frequency (7.5 Hz) at channel Oz were extracted using
1024-points FFT and averaged. Let P(fH2,H3) denote this
average SSVEP response. P(fH2,H3) was standardised as
follows:
z(fH2,H3) = P(fH2,H3) − μ(f10−35)
σ (f10−35)
(3)
where z(fH2,H3) is the z-score and μ(f10−35) and
σ(f10−35) are the mean and standard deviation values for
the average power in 10–35 Hz band. The SSVEP response,
R(fH2,H3), was detected with respect to the threshold value
of 0.4, determined as described in the next subsection, as:
R(fH2,H3) =
{
1 : z(fH2,H3) > 0.4
0 : o.w. (4)
Once the values necessary for a game version were com-
puted out of the window, the values were passed to the game
via the TCP connection (see Table 2).
3.3 SSVEP detection optimisation
The SSVEP detection algorithm used in the system is based
on the algorithm described by Cheng et al. [7]. Their al-
gorithm is defined as follows: the SSVEP response is de-
fined as the sum of the power in the fundamental frequency
and the power in the second harmonic. This is compared to
twice the power of a baseline. In other words, the average
of the fundamental frequency and second harmonic has to
be higher than the baseline to give a positive classification.
The baseline is the mean power in the frequency spectrum
between 4 and 35 Hz, determined empirically before the ses-
sion with real-time feedback. The selection in their system
is made in case that a particular option is selected for four
consecutive windows. The window size is 512 samples, with
a 60-sample inter-window-interval, at a sample frequency of
200 Hz.
This algorithm has been adjusted in a few key ways, in
order to make it more robust to spontaneous alpha activity,
and personalised without the need for prerecorded data. In
time-frequency plots created from the data of the pilot ex-
periments, clear power increases show for the second and
third harmonics for most of the subjects, but not always for
the fundamental frequency. Based on this information, we
decided not to look at the fundamental frequency and sec-
ond harmonic, but at the second and third harmonics. This
means that there is no longer a need to rely on informa-
tion from the alpha range. As activity in the alpha band is
also used as a representation of relaxation which the user
can actively try to control or passively perceive, this is a
way to separate the two paradigms somewhat. The lower
bound of the baseline range has been increased to 10 Hz,
in order to make it less susceptible to low-frequency arte-
facts, for example such caused by eye movements. Whereas
Cheng et al. use a fixed baseline, the Bacteria Hunt algo-
rithm first applies z-score normalisation. This is a way to
set a subject-independent threshold on previously subject-
dependent data, without requiring previous recordings of the
subject before starting the session with real-time feedback.
It might also make the algorithm more robust to changes
over time. Finally, Cheng et al. used electrode O1 and O2,
but did not describe how they merged the recordings from
these two electrode sites, so we decided to rely for both al-
gorithms on brain activity at the center of the occipital lobe
(electrode Oz), where the SSVEP response was expected to
be the strongest.
In short, in the Bacteria Hunt algorithm the SSVEP re-
sponse is defined as the average of the power in the second
and third harmonics. In the case of 7.5 Hz stimulation, this
means the average of the power at 15 Hz and 22.5 Hz. To
determine this power a 1024-points fast Fourier transform is
applied to the 3-second windows recorded at 512 Hz sam-
ple frequency. This results in a frequency bin size of 0.5 Hz.
The SSVEP response is normalised according to the data in
the same window, from 10 Hz to 35 Hz. The mean and stan-
dard deviation of power over this frequency range is com-
puted. These values are used for the z-score normalisation.
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Fig. 4 Mean accuracy per
threshold, average over the eight
datasets from the preliminary
experiments. The highest
accuracy is yielded with a
threshold of 0.4
If this normalised response is higher than the fixed threshold,
a SSVEP has been detected. This threshold determines the
detection accuracy, and therefore has to be estimated care-
fully.
3.3.1 Threshold estimation and pilot evaluation
The threshold estimation was based on eight datasets gath-
ered during preliminary experiments with six subjects. Dur-
ing these pilot studies, subjects played the Bacteria Hunt
game, but were forced to have sufficient periods without
SSVEP stimulation by waiting to eat a new bacterium for
at least six seconds. This way, data was obtained with and
without SSVEP stimulation, within the environment later
used in the game setting with real-time feedback. Based
on this data, the threshold that would result in, on av-
erage, the optimal accuracy for SSVEP detection, is 0.4
(Fig. 4). This optimal threshold was used in the main ex-
periment.
In order to decide which of these two classification algo-
rithms, the original or the modified version, should be im-
plemented for the game, the area under the curve (AUC)
was used as a performance measure. AUC values are a mea-
sure of discriminability of the two classes (SSVEP versus no
SSVEP) based on the given values. To be exact: “The AUC
of a classifier is equivalent to the probability that the clas-
sifier will rank a randomly chosen positive instance higher
than a randomly chosen negative instance. This is equivalent
to the Wilcoxon test of ranks” [12]. The AUC is based on
the receiving-operating characteristics (ROC) curve, which
is created by varying the threshold and plotting the result-
ing true positive rates (hits relative to the total number of
windows during which the SSVEP stimulus was shown) and
false positive rates (false alarms relative to the total number
of windows during which no stimulus was provided). This
means on one hand that the class ratio of SSVEP versus
no SSVEP has no influence on the resulting ROC or AUC
value. Besides, this performance measure is independent of
the actually chosen threshold, really focusing on the abil-
ity to discriminate on this feature. These are two advantages
this measure of performance has over more simple measures
such as accuracy (the number of hits and correct rejections
relative to the total number of samples). An AUC value of
0.5 would be random performance for a two-class problem.
An AUC value of 1.0 would indicate perfect discrimination.
From the pilot studies, an average AUC value of 0.64 was
computed for the original algorithm of Cheng et al., and of
0.74 for the Bacteria Hunt variety. Although it is based on
only those eight datasets, the adaptation of the algorithm is
expected to perform better than the original, thus the new al-
gorithm was selected to be used with the game for real-time
feedback.
3.3.2 Evaluation of the SSVEP detection algorithm
To compare the SSVEP detection algorithm used by Bac-
teria Hunt with the original developed by Cheng et al., the
ROC curve was computed on a superset containing samples
from the four game blocks of all nineteen subjects (refer to
Sect. 4 for the experiment design). For the samples which
are positive for SSVEP stimulation, the brain signal data
recorded during the KAS level is epoched starting from
one second after the SSVEP stimulation with a duration
of three seconds. The samples with no SSVEP stimulation
were taken from KA levels, which were simply epoched in
subsequent 3-second windows. The result is a dataset with
1569 windows during SSVEP stimulation, and 4560 win-
dows without. See Fig. 5 for the resulting ROC curves. The
AUC value seems slightly larger for the Bacteria Hunt algo-
rithm.
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Fig. 5 ROC curves of the SSVEP detection algorithm by Cheng et al.
(dashed) and the Bacteria Hunt algorithm. The Bacteria Hunt SSVEP
algorithm performs, though not significantly, better overall
However, based on two ROC curves it is not possible
to determine whether the difference is significant. There-
fore the AUC values per block per subject were examined
as well. A paired samples t-test is used to compare the
AUC values for the algorithm of Cheng et al. to the Bac-
teria Hunt version. There is a trend towards a higher per-
formance for Bacteria Hunt (M = 0.65, SD = 0.14) than
Cheng et al. (M = 0.62, SD = 0.18) with t (75) = 1.775,
p = 0.08. When comparing the performance for real alpha
versus sham alpha blocks, or easy versus difficult games,
there is no difference.
A possible problem for the estimation of an optimal
threshold is the co-occurrence of SSVEP-unrelated physio-
logical differences during the non-SSVEP trials during gam-
ing. Normal gaming, in contrast to the concentrated fixation
during SSVEP, might be contaminated by additional activity
occurring due to muscle activity, eye movements and game-
related cognitive activity. This activity might be found to in-
fluence the power in the relevant frequencies, that is between
10 and 35 Hz and hence bias the SSVEP recognition algo-
rithm, relying on a threshold estimated with relatively clean
non-SSVEP trials. Therefore, the conditions during thresh-
old estimation should match the conditions of application,
to keep the bias as small as possible.
Summarising, the modified version of Cheng et al. was
overall better performing than the original version. An opti-
mal threshold estimation should take the context of use into
account, specifically additional activities when no SSVEP
stimulus is shown.
4 Methods
In the previous section the game and system design were
described. In this section we will outline the methods used
to study the application of neurofeedback and SSVEP BCI
in the context of multimodal gaming.
4.1 Hypotheses
The purpose of the experiment was to examine the effect that
neurofeedback BCI has on game play and the possible in-
teractions between the paradigms used. The effects were in-
vestigated via subjective and objective indicators. Subjective
indicators are based on the responses of the subjects to items
taken from the Game Experience Questionnaire (GEQ). As
objective indicators of the effects of the BCI, we extracted
the power in specific frequency bands over the cortical re-
gions of interest and the heart rate (see Sects. 4.2 and 4.6 for
details).
To assess the effect that the feedback of the alpha power
had, a control condition with sham feedback was devised.
We expect the participants to get a better control over their
relaxation state in the condition where they actually received
feedback of it. This should reflect in their game experience
and in the objective indicators of their relaxation, specifi-
cally alpha power (see Sect. 2.1) and heart rate [25].
H1a: Neurofeedback leads to less tension, less negative,
more positive affect, and a higher feeling of compe-
tence.
H1b: Alpha power should increase and the heart rate de-
crease for the neurofeedback condition.
Furthermore, the interaction of the different BCIs was ex-
plored by contrasting the power of alpha before, during, and
after the SSVEP stimulation. The alpha rhythm, especially
over occipital cortices, is known to be influenced (i.e. de-
creased) by visual stimulus processing and attention [49].
Despite the spatial separation of the occipital cortex and
the site of alpha-recording over the parietal cortex, due to
the low spatial resolution of the EEG, the alpha power read
might be influenced by the visual stimulus processing.
Besides, the interaction between the two BCI paradigms
might also be influenced by the player’s tendency to give
precedence to the execution of one mental task. As relax-
ation and concentration are antagonistic mental states most
of the time, the BCI paradigms could mutually prevent or
limit each other’s efficacy. In the KAS level of the game the
score for eating is computed using both the SSVEP clas-
sification and alpha band power values (see Sect. 3.1.2).
However, unless the SSVEP classification is above a thresh-
old, the eating attempt is unsuccessful and the alpha band
power is meaningless. Therefore, the players were expected
to pay more attention to the SSVEP stimulus than to the re-
laxation. Thus their alpha band power during the SSVEP
attempt would be decreased.
H2: SSVEP stimulation leads to a decrease of posterior al-
pha power measured at parietal electrodes.
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Table 3 The structure of the experiment design, illustrating the com-
bination of the different factors into the four blocks
Real α feedback Sham α feedback
Easy game A C
Difficult game B D
4.2 Data acquisition and material
The game was run on a separate presentation computer
(1.8 GHz Pentium M). The EEG signals were recorded
with 512 Hz sample rate via a BioSemi ActiveTwo EEG
system and thirty-four Ag/AgCl Active electrodes. Addi-
tionally, electrocardiogram (ECG), galvanic skin response
(GSR), and blood volume pulse (BVP) were recorded. The
data was processed and saved on a separate data record-
ing and processing computer (2.53 GHz Quadcore) running
BioSemi ActiView software.
To acquire subjective responses from the participants,
the game experience questionnaire (GEQ) devised by IJs-
selsteijn et al. [20] was used. The questionnaire comprises
items that are accumulated to 7 scales, each reflecting a
specific facet of game experience: competence, immersion,
tension, flow, challenge, positive affect, and negative affect.
The immersion scale provided by the GEQ was left out of
the questionnaire for it’s irrelevance in the current study.
4.3 Participants
Nineteen participants (3 female) took part in the experi-
ment. The mean age was 29 years, ranging from 16 to 47
years. Eighteen participants were right-handed, one was left-
handed. Informed consent was obtained from all subjects.
To motivate participants to highest performance levels, and
thus to make active use of the advantages a high state of re-
laxation would bring, two cinema tickets were promised to
the participant with the highest score. Six euros per hour or
a course credit were given as a reimbursement to the partic-
ipants.
4.4 Experiment design
4.4.1 Effect of alpha neurofeedback
In order to test the hypothesis about the influence of neuro-
feedback, a two-factorial (2 (feedback)×2 (difficulty)) ex-
perimental protocol was devised, resulting in four blocks:
easy and real feedback (A), difficult and real feedback (B),
easy and sham feedback (C), and difficult and sham feed-
back (D), as depicted in Table 3.
For the first factor (feedback) the alpha feedback appli-
cation was manipulated. In the real feedback version an in-
crease of alpha yielded a decrease in mobility of the bacteria.
That is, the successful player would be able to bring the bac-
teria to a halt, thus scoring more. In the sham feedback ver-
sion the mobility of the bacteria was controlled by the alpha
values from the first of the three games played (level K).
Thus there was no systematic relation between the players
instantaneous state and the feedback in the levels KA and
KAS.
The second factor (difficulty) controlled the strength of
the feedback. A high difficulty would mean that the bac-
teria moved faster and would therefore be harder to catch.
This manipulation was introduced to ensure that people’s
relaxation was not on a ceiling level, obstructing possible
increases of relaxation.
Participants were asked to play four game blocks. The or-
der of blocks was pseudorandomised to avoid order effects.
Each block contained the 3 games in the following order:
K, KA, and KAS (see Sect. 3.1.2). Each game lasted for 3
minutes. That made a total duration of 9 minutes per block,
excluding small breaks between the games. After each block
the participants were given the GEQ questionnaire to evalu-
ate their game experience.
4.4.2 Interaction between BCI paradigms
To examine the effect of SSVEP stimulation and the associ-
ated concentration on the participant’s relaxation and on al-
pha power, the EEG data segments before, during, and after
the SSVEP stimulation in the real alpha neurofeedback con-
dition were of interest. While the user should be relaxed in
the periods he is hunting for bacteria (pre-SSVEP and post-
SSVEP), he should concentrate during the SSVEP stimu-
lation. According to the hypotheses, posterior alpha power
should decrease during the SSVEP stimulation periods, rela-
tive to its level before and after stimulation. This observation
should be clearer in the difficult condition where the bacteria
flee more quickly decreasing the possibility of a new SSVEP
initiation directly after an SSVEP attempt, and thus prevent-
ing overlaps between SSVEP and pre-SSVEP epochs.
4.5 Procedure
The participants were seated in front of the computer run-
ning the game. The distance to the screen was about 80
cm. They read and signed an informed consent and instruc-
tions, and filled in a questionnaire assessing information
about the amount of computer usage, prior drug consump-
tion, amount of sleep and so forth. After that the electrode
cap was placed and the electrodes connected. The thirty-four
electrodes were placed according to the 10–20 system [21]
(see Fig. 6). Furthermore, two electrodes were attached to
the back of the left and right lower arm of the participant to
record ECG (Eindhoven Lead 1 standard). Two GSR elec-
trodes and a plethysmograph, measuring the BVP, were fas-
20 J Multimodal User Interfaces (2010) 4: 11–25
Fig. 6 Electrode locations according to the 10–20 system with Pz and
Oz highlighted
tened to the intermediate phalanges of the little and ring fin-
gers, and to the distant phalange of the middle finger of the
left hand, respectively.
Immediately before the experiment, the participants were
again informed about the differences in control of the 3
games, and specifically the role of alpha power and the pos-
sibility to influence it through relaxation.
4.6 Data analysis
The answers to the items regarding the participants’ expe-
riences during each block of games were accumulated into
the 6 scales of the GEQ.
For the analysis of the EEG data, the recordings were
processed with EEGlab [9]. After application of a com-
mon average reference (CAR), the data was downsampled
to 256 Hz, and separated according to the levels and con-
ditions. Then the power of the frequencies of interest was
extracted using Welch’s method [56], applying windows of
2 seconds. For the overall contrasts of conditions, the data
of level K was used as a baseline for levels KA and KAS to
remove variance due to frequency differences over time (i.e.
blocks) and between participants.
The heart rate extraction was done with the Biosig tool-
box [46]. The GSR and BVP recordings were not analysed
due to a high amount of movement artefacts.
In order to investigate the interaction between BCI par-
adigms, difficult and real feedback conditions (block B) of
the KAS level recordings for each subject were epoched with
Fig. 7 Epoching with respect to SSVEP triggering
respect to SSVEP stimulus onset and averaged before the
extraction of frequency power. The epochs are, as illustrated
in Fig. 7, the second of data before the stimulus onset (pre-
SSVEP period), after stimulus onset (SSVEP period) and
after stimulus offset (post-SSVEP period).
The Wilcoxon signed-rank test was used for statistical
testing of differences between subjective and objective vari-
ables, as a violation of the normal distribution was observed
for some conditions.
5 Results
5.1 Effects of alpha neurofeedback
From the post-game questionnaires we extracted the values
of the GEQ scales for each subject to examine the effect
that the feedback manipulation has on the game experience
(see Table 4). Actual feedback of the alpha power was ex-
pected to lead to less tension, less negative and more pos-
itive affect, and a higher feeling of competence. None of
the game experience scales showed significant differences
in the feedback contrasts for the easy conditions. However,
the difficulty manipulation had the expected effect on game
experience. Users felt less competent in their capability to
control the game (p < 0.001), less relaxed (higher tension)
(p < 0.05), and more challenged in the difficult conditions
of the game (p < 0.01). Furthermore, the users felt signif-
icantly more positive for the easy real feedback condition
(p < 0.01), and still showed a trend in the same direction
for the sham feedback condition (p < 0.1). Nevertheless, the
game experience during the difficult conditions did not show
significant effects either.
No significant difference between the feedback condi-
tions was found comparing the alpha power values measured
at electrode Pz. Also a more exploratory analysis of the al-
pha band power in the other electrodes did not show reliable
effects of neurofeedback. However, an analysis of the de-
velopment of alpha power over games showed a constant
increase of power (see Fig. 8), which is significant for all
contrasts of level KA and KAS (p < 0.05). This effect is fur-
ther explored in the following section. Also the analysis of
heart rate did not yield significant effects of feedback. Nev-
ertheless, a significant downward trend (p < 0.05) for all
game levels, except between level K and KA of block C was
found (see Fig. 9).
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Table 4 Mean GEQ scale values (noted as: mean (standard deviation)) for the 4 conditions A (easy real), B (difficult real), C (easy sham), and D
(difficult sham), and the p-values for the difficulty and feedback contrasts (bold: significant contrasts)
Name of GEQ scale values Difficulty Feedback
Scale A B C D AvsB CvsD AvsC BvsD
Competence 3.3 (0.9) 2.3 (0.9) 3.2 (0.9) 2.5 (0.9) 0.000 0.000 0.810 0.242
Flow 2.9 (0.7) 3.0 (0.8) 2.9 (0.8) 3.0 (0.8) 0.563 0.611 1 0.898
Tension 2.2 (0.6) 2.6 (0.6) 2.3 (0.7) 2.7 (0.6) 0.000 0.044 0.145 0.717
Challenge 2.6 (0.5) 3.0 (0.5) 2.6 (0.5) 2.9 (0.6) 0.006 0.007 0.896 0.949
Negative 2.3 (0.7) 2.4 (0.8) 2.4 (0.8) 2.3 (0.8) 0.484 0.255 0.553 0.215
Positive 3.4 (0.7) 3.0 (0.8) 3.4 (0.8) 3.2 (0.7) 0.007 0.089 0.778 0.442
Fig. 8 The development of the
alpha power over the games for
all four blocks. For better
visualization of the power
development over the 3 levels
no baselining by the power of
level K was applied. The trend
towards higher alpha over
games might partially be caused
by a general tendency of the
user to relax over the range of a
block
Fig. 9 The development of the
heart rate over the games for all
four blocks. The data shows a
trend towards a lower heart rate,
strengthening the interpretation
of a general relaxation over the
games
5.2 Interaction between BCI paradigms
The SSVEP epochs were averaged over the trials to inspect
the effect of SSVEP on alpha power. The average power in
8–12 Hz band at channel Pz was estimated per second. Av-
erage alpha power in pre-SSVEP, SSVEP, and post-SSVEP
periods were compared to understand the effect of SSVEP
stimulation. The alpha power in pre-SSVEP periods was sig-
nificantly lower (p < 0.05) than that in SSVEP and post-
SSVEP periods. The increase in alpha power during the
SSVEP and post-SSVEP periods could be a reflection of the
power increase at the same channel due to the stimulus flick-
ering at 7.5 Hz frequency, which is very close to the alpha
band. The power at 7.5 Hz at channel Pz during the SSVEP
period was also observed to be significantly higher than that
in pre-SSVEP and post-SSVEP period. To test the depen-
dence of the effect on the SSVEP stimulation frequency, the
analysis was repeated for the frequency band 10–12 Hz and,
indeed, no significant change was observed this time. Ta-
ble 5 summarises the values.
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Table 5 Mean power spectral densities (in dB) for the analysis of the
influence of SSVEP stimulation on alpha power
Frequency Channel Period
Pre-SSVEP SSVEP Post-SSVEP
8–12 Hz Pz 0.034 0.050 0.052
10–12 Hz Pz 0.034 0.039 0.042
7.5 Hz Oz 0.066 1.174 0.096
6 Discussion
A multimodally controlled multi-paradigm BCI game was
designed and implemented [30] to test the simultaneous use
of several BCI paradigms in addition to traditional input in
one game. One goal of the current study was to examine the
effect of neurofeedback on the ability of the user to manip-
ulate his mental state (i.e. relaxation) to control an aspect
of the game world (i.e. the bacteria’s flight speed). A sec-
ond goal was the identification of possible interactions be-
tween the two BCI paradigms employed within the game.
Additionally, the novel approach to SSVEP detection is dis-
cussed.
6.1 Effects of alpha neurofeedback
The comparison of real and sham feedback conditions did
not provide evidence for the expected effects of the neuro-
feedback. Neurofeedback did not affect game experience,
heart rate, or the target frequency significantly. The phys-
iological effects were also expected on the basis of clini-
cal feedback studies, which show that people are able to
influence their brain activity when it is made perceivable
[15, 28]. In the following section we discuss methodolog-
ical and technical issues that might have led to these results.
Studies on (generalised) anxiety in patients and non-
patients show that alpha neurofeedback (i.e. alpha enhance-
ment training) can decrease the level of stress and anxiety
[10, 16, 17, 44]. Although the current study’s rationale and
methodology differ from the traditional neurofeedback re-
search, some important lessons might be learned from it.
One of the most important factors of the efficacy of neu-
rofeedback seems to be the amount of training participants
receive [28]. Neurofeedback therapy is mostly done over
several sessions [3], though physiological effects of neuro-
feedback can already be observed after one session [13, 31].
Furthermore, an important difference of our study to ther-
apeutic neurofeedback studies was that the feedback was not
given as a discrete signal of success or failing to enhance
alpha [31], but was visualised continuously. This might at-
tenuate the saliency of the feedback and consequently of the
reward. By increasing the game difficulty this relationship
was made more salient, however, without success.
Another problematic issue is the high level of relaxation
in the subject population (students), possibly leading to a
floor effect of relaxation. Hardt and Kamiya [16] observed
an effect of NF therapy on students with high levels of anxi-
ety, but not on those with low levels. Therefore it is possible
that the original level of relaxation was not further attenu-
able by a neurofeedback procedure. A careful selection of a
highly stressed test population would be advised to evaluate
the efficacy of a neurofeedback system. In the current exper-
iment we tried to induce a higher level of stress via the more
difficult game level. This did not result in an effect, despite
the successful increase of the stress level.
Moreover, if the participants were relaxing as much as
possible all the time they might not be able to associate
changes of their state to changes in feedback, rendering the
feedback manipulation ineffective. To avoid this, game dy-
namics could be changed to encourage the user to relax at
certain moments and tense up at others.
The technical implementation of a feedback system and
the choice of parameters for the extraction of the physiolog-
ical features are further relevant issues.
The short three-second window for the analysis of al-
pha power is very susceptible to spontaneous changes in al-
pha power. A longer EEG window would have attenuated
these spontaneous fluctuations in the feedback and thereby
strengthened its relation to relaxation.
Moreover, common average reference was used in the
EEG processing steps, as it has been shown to be supe-
rior to other referencing methods in a BCI context [26].
This technique, however, might also lead to the cancellation
of globally synchronous activity. It thereby might possibly
cancel out changes in global alpha activity related to relax-
ation [5, 6]. Alternatively, the linked-ears reference could be
used [27].
Eye movements can cause additional variance in the al-
pha frequency band. To attenuate their influence an option
would be to detect and remove eye movements from the data
automatically [47].
Finally, alpha power might vary with several factors other
than relaxation. It is for example sensitive to the opening and
closing of the eyelid, but it is also implied in several cogni-
tive processes, like working memory and sensory process-
ing [24, 37, 48]. This might introduce an additional source
of variance in the alpha power, especially in complex tasks.
A dedicated experiment should validate the role of alpha
power as predictor for relaxation in a complex natural HCI
scenario.
Summarising, it might be doubted that the general ap-
proach of neurofeedback-guided relaxation during engaged
computer gaming is feasible. However, it was shown in the
very simple biofeedback game “Brainball” that relaxation
(and stress) derived from physiological sensors can be part
of the game dynamic and in the same time affected by it [19].
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Above several issues were highlighted that might partially or
in the whole be responsible for the inability to show an ef-
fect of neurofeedback in a more complex and multimodal
gaming environment. Addressing these issues could lead to
the isolation of factors that hinder the successful application
of neurofeedback BCI in complex gaming scenarios, and
thereby enable the design of effective neurofeedback BCIs
for multimodal games.
6.2 Interactions between the BCI paradigms
The analysis done to investigate the influence of BCI para-
digms on each other revealed that activity in a certain fre-
quency band, at a certain electrode site can affect the activ-
ity in a nearby frequency interval, at a spatially close elec-
trode site. Thus, while designing BCIs, one should consider
keeping different paradigms far from each other in terms of
frequency and electrode location to prevent undesired inter-
ferences.
The constant trend of high parietal alpha band power be-
fore, during, and after the SSVEP interval indicates that, de-
spite a potential blocking effect of the SSVEP on the alpha
rhythm, subjects were persistent in maintaining their alpha
power in compliance with the relaxation task as they were
instructed.
6.3 Evaluation of the SSVEP detection algorithm
In Sect. 3.3 we motivated and evaluated a modification of the
SSVEP detection algorithm introduced by Cheng et al. [7].
There is a trend indicating that the modified Bacteria Hunt
SSVEP algorithm has a better detection performance than
that of Cheng. This might be due to the fact that often the
fundamental frequency of the SSVEP stimulation is not as
clearly increasing during stimulation as its harmonics (see
also Jia et al. [22]). Our modified algorithm uses only the
second and third harmonics to attenuate this problem.
7 Conclusion
In this study a game was used to investigate the interaction
with BCIs in a natural environment. The goal of the study
was twofold.
Firstly, the aim was to show the efficacy of alpha-based
neurofeedback. Sham feedback was used to examine the ef-
fect that the perceived control over the BCI has on the game
experience. It was expected that real feedback would sub-
jectively lead to a more relaxed state and greater feeling of
confidence. Furthermore, differences in objective indicators
of relaxation were expected. The analysis showed no differ-
ence in subjective and objective indicators of relaxation or
control. Several possible methodological and technical fac-
tors for the inefficacy of the neurofeedback were identified.
Future work should try to evaluate their role to enable a suc-
cessful alpha neurofeedback-based BCI.
Secondly, the interaction between different, simultane-
ously used BCI paradigms, namely alpha neurofeedback and
SSVEP, were studied. Due to the antagonistic nature of these
two mental tasks, relaxation and focused attention, and due
to the blockage of the alpha rhythm during visual stimula-
tion, a decrease of alpha was expected during SSVEP. How-
ever, an increase in alpha power was found. Further analy-
sis suggested that the increase was due to the increase of
the power in the first harmonic of the SSVEP stimulation
(7.5 Hz), which is close to the alpha band (8–12 Hz). Care-
ful examination of possible influences of multiple BCI par-
adigms on each other is advised.
Furthermore, a novel SSVEP detection algorithm was de-
veloped and compared against a standard method. The ad-
vantage over the standard method is an independence of
prior baseline recordings. The viability of the new approach
was shown by evaluation results comparable to the standard
method.
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